Previous research ͓S. J. Pollock et al., Phys. Rev. ST Phys. Educ. Res. 3, 1 ͑2007͔͒ showed that despite the use of interactive engagement techniques, the gap in performance between males and females on a conceptual learning survey persisted from pretest to post-test at the University of Colorado at Boulder. Such findings were counter to previously published work ͓M. Lorenzo et al., Am. J. Phys. 74, 118 ͑2006͔͒. This study begins by identifying a variety of other gender differences. There is a small but significant difference in the course grades of males and females. Males and females have significantly different prior understandings of physics and mathematics. Females are less likely to take high school physics than males, although they are equally likely to take high school calculus. Males and females also differ in their incoming attitudes and beliefs about physics. This collection of background factors is analyzed to determine the extent to which each factor correlates with performance on a conceptual post-test and with gender. Binned by quintiles, we observe that males and females with similar pretest scores do not have significantly different post-test scores ͑p Ͼ 0.2͒. The post-test data are then modeled using two regression models ͑multiple regression and logistic regression͒ to estimate the gender gap in post-test scores after controlling for these important prior factors. These prior factors account for about 70% of the observed gender gap. The results indicate that the gender gap exists in interactive physics classes at our institution but is largely associated with differences in previous physics and math knowledge and incoming attitudes and beliefs.
I. INTRODUCTION AND BACKGROUND
A recent American Institute of Physics ͑2005͒ report found that females earned 22% of all bachelor's degrees and 18% of all doctoral degrees in physics. 1 At the University of Colorado ͑CU͒, females make up only 25% of the students who enroll in introductory physics and about 15% of the physics majors. Not only is there a gender gap in participation, but there is also a gender gap in performance. Previous studies at CU, and elsewhere, have identified differences in males' and females' performances on surveys of conceptual physics. [2] [3] [4] This under-representation and underperformance of females in physics is cause for concern and has led to a variety of studies on the source of the gender gaps in college physics. 1, 5, 6 To further understand the gender gap at CU, we continue to look at student performance in introductory physics. As this is the first college physics course that students take, and sometimes their first encounter with physics, it serves as an important first step toward pursuing a physics degree. In a previous study, 7 45% of students reported that their interest in physics decreased over the course of the first semester of introductory physics at CU. Of those that gave a reason for their decreased interest, one third indicated their personal success ͑or failure͒. Student success in this course can impact whether students continue in the major. Understanding the factors that do and do not promote student learning in this course is crucial to understanding the gender gap and finding ways to eliminate it. The current work identifies several factors that are correlated with student post-test performance on a conceptual learning survey and then estimates the extent to which these factors can account for the observed gender gap. The goal of this work is to determine how much of the observed gender gap can be attributed to factors other than gender explicitly.
Prior research has consistently demonstrated the benefits of using interactive engagement techniques during instruction. [8] [9] [10] Hake's 8 survey of traditional and interactive courses found that interactive engagement courses had average normalized learning gains, ͗g͘ = ͗post͘ − ͗pre͘ 100 − ͗pre͘ almost two standard deviations higher than average gains in traditional courses. Learning gains at CU reach as high as ͗g͘ = 0.64 for reformed courses, which make use of several research-based interactive techniques. 11, 12 While the use of interactive engagement techniques has been shown to facilitate learning for both males and females, some research has suggested that females may benefit more than males. 13, 14 Researchers at Harvard University found that a preinstruction gender gap was eliminated over the course of an interactive and engaging introductory physics course. 3 Both males and females had significant gains in the interactive course, but females had slightly larger gains, resulting in males and females having about equal post-test scores.
At CU, 4 and elsewhere, 2,15 the gender gap has persisted despite the use of interactive engagement techniques. Figure  1 shows the pretest and post-test gender gaps for partially interactive and fully interactive courses ͑described more below͒. 16 The post-test gender gap is smaller for fully interactive courses than for partially interactive courses, but it has not been eliminated. 17 Furthermore, we demonstrate ͑below͒ the gender gap varies from semester to semester. Similar gender gaps are found when looking at normalized learning gains. For both partially and fully interactive courses males have a higher average normalized learning gain than females, although the difference between males and females is smaller for fully interactive courses. 4 The fact that there is a gender gap in the pretest scores ͑before any instruction͒ suggests that there are differences in preparation between male and female students when they enter the introductory physics course, and we suspect that these differences may contribute to the persistence of the gender gap. Several researchers have investigated the factors that influence student performance in introductory physics. Hazari et al. 6 found that mathematics preparation was a significant predictor of students' college physics grade. Others have found an influence of high school physics experience on college physics performance. Sadler and Tai 18 find that taking a high school physics course is positively related to college physics course grade, even when controlling for students' self-reported academic and demographic background. Furthermore, the pedagogy of the high school class is related to a student's college performance. Students who take high school classes that cover fewer topics in more depth have higher grades in a calculus-based college course than students whose high school classes cover more topics in less depth ͑the difference is almost a full letter grade͒. 19 Affective factors, such as father's encouragement and family beliefs about science, have also been shown to influence student performance. 6 These studies have all focused on students' course grades as the measure of student performance. Less work has been done on the factors that influence student performance on research-based conceptual learning surveys. As stated above, the curriculum and level of engagement in the course influences student conceptual learning.
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Meltzer 20 found correlations ͑Pearson's product-moment correlation coefficient of 0.1Ͻ r Ͻ 0.5͒ between a students' score on a preinstruction math skills test and their normalized gain on an electricity and magnetism conceptual survey for four algebra-based physics courses.
While we can look at a variety of measures to assess student performance ͑post-test, normalized gain, course grades, etc.͒, we focus on the post-test as an objective measure of what students know at the end of the semester. While normalized gain can also be used, we opt to use the post-test as a measure of students' physics knowledge after a semester of instruction, rather than their gain in knowledge over the course of a semester. Course grades are subjective and measure more than just performance on a single instrument. Prior work has mostly focused on subjective measures of student performance and the self-reported backgrounds of students. The current study aims to identify several prior factors that influence student performance on a research-based mechanics conceptual learning instrument using data collected from university applications for students in an introductory calculus-based physics course.
In this paper, we seek to characterize the gender gap in introductory physics and those factors that are correlated with the differential performance at our institution. Identifying these factors is a first step in clarifying the mechanisms by which the gender gap is established and will lead to future work that guides interventions that address this disparity. We address the following research questions: ͑1͒ On what measures do we observe differences by gender in the introductory physics course, for example, conceptual learning, components of the course grade, attitudes and beliefs, and prior knowledge and preparation? ͑2͒ Are measures of background correlated with student performance in the course ͑as measured by a conceptual learning survey͒ and correlated with gender? ͑3͒ To what extent do differences in males' and females' backgrounds contribute to the persistence of the gender gap in introductory physics courses? We find that there are several aspects of the introductory course in which we identify gender differences, including males' and females' course grades, prior physics and mathematics understanding, and their attitudes and beliefs about physics. When these differences in prior understanding and attitudes are controlled, the gender gap is substantially accounted for.
II. RESEARCH METHODS
The data in the following studies were collected from seven offerings ͑from Spring 2004 to Spring 2007͒ of the first-semester calculus-based introductory mechanics course at the University of Colorado. These are large-enrollment courses that typically have 400-600 students. Each semester was taught by a different instructor, and all seven instructors were male. All seven classes used interactive engagement ͑IE͒ techniques, some to a higher degree than others. Each of the seven classes employed student discussions around ConcepTests 11 in lecture, online homework systems, 21 and voluntary help-room sessions on problem-solving homework. Four of the seven classes used Tutorials in Introductory Physics 12 and Learning Assistants 22 during a 1 h/week recitation, while the remaining three classes held more traditional recitation sections. There is no laboratory associated with this course. A more detailed description of the course structure can be found in previous work. 23 We categorize the three classes that held traditional recitation sections as IE 1 ͑partially interactive͒ and the four classes that used Tutorials during recitation sections as IE 2 ͑fully interactive͒. Our definitions of IE 1 and IE 2 classes are similar, but not identical, to the definitions used in prior studies. The student population in the introductory course is about one-quarter female. About half of the students are engineering majors and about 20% are other science majors. Only about 6% of the students who enroll in introductory physics are declared physics majors. 25 There are some differences in the distributions of student major for males and females, but the same percentage of males and of females are physics majors, as seen in Table I . Females are less likely than males to be engineering majors but about twice as likely as males to be other science or nonscience majors. Over 80% of the students are white, about 10% are Asian, and about 8% are African American, Hispanic, or native American. There are only small differences in the distributions of ethnicity by gender. These frequencies are presented in Table I .
Of primary interest in this study is to what degree males and females differ on measures of background and preparation and to what degree these differences contribute to the observed gender gap. Conceptual performance, as measured by the Force and Motion Concept Evaluation ͑FMCE͒, 26 serves as the focus of the study. The FMCE post-test score for each student is used as a measure of the student's conceptual knowledge of physics at the end of the semester. Only students with matched pretest and post-test data are included ͑N = 2099͒. Additional evaluation of student performance in the course is captured by homework, exam, participation, and course grades, which were collected from the instructor in each course.
Data have been gathered 27 on students' background knowledge and their preparation for college physics. Prior academic performance is captured by students' high school grade point average ͑GPA͒, while the FMCE pretest is used to measure students' prior conceptual understanding of physics. Four mathematics tests are combined to form a measure of students' prior knowledge of mathematics. The four tests include the math portion of the Scholastic Aptitude Test ͑SAT-math͒, the math portion of the American College Test ͑ACT-math͒, and two diagnostic exams that are given to students before their freshman year at CU. One diagnostic exam ͑denoted APPM test͒, is given through the Applied Mathematics Department to students in the School of Engineering. The second exam ͑denoted ASMATH test͒, is given through the Mathematics Department to students in the School of Arts and Sciences. Both diagnostic exams are used to help place students in the appropriate math course and do not count toward any course grade. Scores on each of the four tests were similarly correlated with the FMCE post-test ͑0.3Ͻ r Ͻ 0.4͒ and were also highly correlated ͑0.5Ͻ r Ͻ 0.7͒ with each other. To get a measure of prior math knowledge for almost every student and to avoid having multiple variables that contained the same information, the scores on the four tests were combined. The scores for each test were first normalized ͑converted to z scores 28 ͒. Each student's normalized scores were averaged to get a combined measure of mathematics knowledge. Each student's combined math score is a composite of whichever of the four tests that the student took. Student course preparation for college physics is measured by how many years of high school physics and calculus a student had taken. Data were not available on the grade that students received in their high school courses.
In addition to students' prior content knowledge, data were also collected on their attitudes and beliefs about physics and about learning physics. Attitudes and beliefs are measured by the Colorado Learning Attitudes about Science Survey ͑CLASS͒. 29 The CLASS questions are classified into eight categories of student beliefs. The survey is made up of 42 statements and students respond on a Likert-type scale. Each response is coded favorable, neutral, or unfavorable based on whether the response agrees or disagrees with the expert response. Students are then given a percent favorable and a percent unfavorable score on each category. Pretest scores on each category are used as measures of students' incoming beliefs. Post-test scores and shifts ͑post− pre͒ are used as measures of students' attitudes and beliefs at the end of the semester and to measure change in attitudes and beliefs, respectively. Throughout these analyses only the percent favorable scores will be considered.
We note that the several assessments used throughout the study only measure student performance on these instruments-however we use them as a proxy measurement of student understanding and actual attitudes and beliefs upon entry and exit. We recognize that these instruments may be measuring more, such as test taking ability, and may differ by gender. In particular, McCullough 30 found that, by changing the context of questions on the Force Concept Inventory ͑FCI͒ ͑Ref. 31͒ to gender neutral or female contexts, male and female students responded differently. Other researchers identified differences in how students responded on the FCI when asked to mark the answer that they believed and the answer they thought scientists would give. Females answered differently in each case more often than males. 32 Still others have pointed out that the format of questions that are typically asked in physics classes ͑multiple choice questions͒ may disadvantage females. 33 While these studies ques- tion the validity of these instruments, we note that ͑a͒ we are using the standard measures that have been adopted by the community and ͑b͒ we are analyzing shifts on these instruments, which allows us to normalize students against themselves. The FMCE is administered the first and last weeks of classes during recitation, and only those students that attend both weeks take the pre-and post-FMCE. As a result, we explore the possibility of sampling bias. Of the 3728 students who took introductory physics during the semesters included in this study, 2099 students ͑56%͒ took both the pre-and post-FMCE. Comparing the populations that did and did not take the FMCE, we find that females were more likely to take the FMCE than males: the sample that did take the FMCE is 25% female, and the sample that did not take the FMCE is 21% female. The course grades ͑on a scale from 0.0 to 4.0͒ for males and females in each group are shown in Table II . Not only are the average course grades of students who take the FMCE higher, but the gender gap in course grades for this group is smaller than for those that do not take the FMCE. By focusing on the FMCE as a measure of learning we limit the sample of students included in the analysis and exclude primarily those with lower course grades. Also, the smaller gender gap in course grades among those that take the FMCE suggests that we may be underestimating the gender gap.
III. RESULTS: IDENTIFYING DIFFERENCES BY GENDER
A. College course performance differences Figure 2 presents the pretest and post-test gender gaps for each semester included in the present study. A different instructor lectured during each of the seven semesters. Counter to previous findings, 3 we find that the size of the post-test gender gap is not independent of instructor. There is some consistency within the IE 1 and IE 2 courses. In all three IE 1 courses the gender gap increased ͑although not significantly͒ from pretest to post-test. In three of the four IE 2 courses, the gender gap decreased ͑although not significantly͒. But there is one IE 2 class ͑semester E͒ in which the gender gap increased. These findings suggest that the implementation of a fully interactive curriculum alone is not enough to eliminate or even reduce the gender gap. It appears that the manner in which courses are implemented is significant-which is the subject of current study. 35 Furthermore, the way in which the curriculum is enacted may appear to impact the gender gap; however, we find ͑below͒ in these cases that differences in the gender gap from semester to semester can largely be accounted for by background differences of the students.
As reported above, females have lower normalized learning gains than males, meaning that females learn a smaller percentage of what they did not already know coming into the introductory course. In addition to looking at normalized learning gain, we also look at male and female average absolute gain ͑G = post− pre͒. The average absolute gain for both males and females is statistically significantly higher in IE 2 courses than in IE 1 courses, but in neither pedagogical approach is the difference between average absolute gains for males and females significantly different ͑p Ͼ 0.1 and unless stated otherwise, all p values are calculated via twotailed t-test͒. In IE 1 courses, the average gain of males and females is G M =32% and G F =29%. In IE 2 courses, the average gain of males and females is G M =37% and G F =39%. In three of the four IE 2 courses females had larger average absolute gains than males, while in all three IE 1 courses females had lower average absolute gains than males, although none of the differences was significant. Some have suggested that absolute gain may be a more appropriate way to assess learning. 36 We observe that in terms of absolute learning gain, there is no statistically significant gender difference in any individual course or across all courses.
Course grades were examined to determine if males and females perform differently on course grades or any components of the course grades. For each of the seven semesters of the mechanics course males' and females' scores are averaged on homework, participation, exams, and total course grade. In all of the introductory courses exams make up 60%-65% of the course grade, homework counts for 25%-35%, and participation makes up the remainder. The difference between the average male and female's scores in each component ͑͗S͘ M − ͗S͘ F ͒ is calculated for each class. These differences for each semester, along with the average differences across all semesters, are shown in Table III . For several courses the participation grade was included in the homework grade and could not be extracted.
There was no significant gender difference in total course grade in any individual course of the seven semesters in the study. Males outscore females by about 5 points on exams and females outscore males by about 5 points each on homework and participation. These differences offset one another and result in course grades that are not significantly different. Because of the consistent gender gap observed from semester to semester, we find that the difference in overall course grades of males and females is statistically significant when averaging over all seven semesters.
In addition to looking at performance, we can also explore how the attitudes and beliefs of males and females change over the course of the semester and whether there are any gender differences. Developers of the CLASS identified gender differences on almost half of the statements and found that, on average, females were less expertlike in their beliefs than males at the end of an introductory calculus-based physics course. 29 Here, we present the average shifts ͑post− pre͒ for males and females overall and in each category for six semesters of the introductory calculus-based physics course. 37 Shifts indicate how much students' attitudes and beliefs have changed from the beginning to the end of the semester. As Fig. 3 shows, all of the shifts are negative, indicating that both males and females shift toward less expertlike beliefs about physics over the course of the introductory physics class. 38 In addition, females have more negative shifts than males overall and in each category. The difference in shifts is significant ͑p Ͻ 0.05͒ for the three problemsolving and two conceptual categories. Females have pretest scores that are similar to or lower than males' pretest scores in each category ͑as shown in parentheses in Fig. 3͒ . The larger negative shifts result in an increase in the gender gap in CLASS scores from pretest to post-test in all categories. The introductory physics course appears to be influencing the attitudes and beliefs of males and females differently. The same trends exist for the shifts in IE 1 courses and IE 2 courses separately. Females always have more negative average shifts than males in both pedagogical approaches. There are some differences when comparing male and female shifts in IE 1 courses versus IE 2 courses. In the sensemaking category, females have an average shift of Ϫ9% in IE 1 courses and an average shift of Ϫ14% in IE 2 courses ͑the difference is significant: p Ͻ 0.05͒. In the conceptual category, males have an average shift of Ϫ3% in IE 1 courses and Ϫ6% in IE 2 courses, and in the applied conceptual category, males have an average shift of Ϫ2% in IE 1 courses and Ϫ7% in IE 2 courses ͑both differences are significant: p Ͻ 0.05͒. For each of these differences, the shifts are more negative for IE 2 courses. For all other categories males and females have the same shifts in IE 1 and IE 2 courses. Aside from some small differences, partially and fully interactive courses have similar ͑negative͒ influences on students' attitudes and beliefs about physics.
B. Background differences
In Sec. III A we reported observed differences between males' and females' performance during the introductory physics course. Here, we examine the background and preparation of males and females. Male and female averages for each of the background variables collected are presented in Table IV . Note that not all data are available for all students, as is the case in any course. As a consequence of missing data the reported averages may be biased due to sampling error. We present them regardless as they are the best estimates we have of the values for all students who enroll in introductory physics.
Females have a higher average high school GPA than males by about 0.2 point. On average females take less high school physics than males, but they take about the same amount of high school calculus. These same data can be represented another way by looking at the percentage of males and females that have at least one year of high school physics and calculus. From Table V, 89% of males and only 80% of females in introductory physics completed at least one year of high school physics. Only small percentages, 16% of males and 11% of females, took two years of high school physics. There are only minor differences in the fraction of males and females who take high school calculus; 67% of males and 70% of females took at least one year of high school calculus. It is interesting to note that both males and females are more likely to take high school physics than to take high school calculus.
Males significantly outperform females on both the SATmath and ACT-math tests. Surprisingly, there are no gender differences on either of the CU diagnostic exams that are given at the beginning of freshman year. Because of the differences in SAT and ACT scores, there is a significant difference between the average combined math scores of males and females.
IV. RESULTS: CORRELATION OF STUDENT BACKGROUND WITH STUDENT CONCEPTUAL PERFORMANCE
We have identified several aspects of the introductory physics course in which gender differences exist: conceptual surveys, course grades, attitudes and beliefs, and student background and preparation. The next step is to determine which, if any, of the student background factors are correlated with student performance on the conceptual survey and could therefore be contributing to the gender gap in observed post-test scores. We first ask, do differences in male and female average post-test scores exist when students are grouped according to their pretest score? If males and females with similar pretest scores have different post-test scores, then there would be evidence that despite equal performance on measures of background physics knowledge, there is differential learning by gender. Students are binned by FMCE pretest score ͑each bin contains about equal numbers of students: N ϳ 420͒, and then the average FMCE post-test score is calculated for males and females in each bin. The results are plotted in Fig.  4 . The same trends that are described below exist for a range of reasonable bin sizes.
Students who have similar pretest scores have similar post-test scores regardless of gender. There were no statistically significant differences ͑p Ͼ 0.1͒ in any individual bin, i.e., between males and females who scored similarly on the pretest. Although the differences in each bin are not significant, males consistently score higher than females in all bins. We also see a correlation ͑r = 0.56͒ between FMCE pretest and post-test scores. These same trends exist for each individual semester.
We find that a higher percentage of the females fall into the low pretest bins. The percentages above each bar in the plot ͑Fig. 4͒ represent the percent of the females, or males, who fall into that bin. 58% of females versus 35% of males fall into the lowest two pretest bins, while 22% of females versus 44% of males fall into the highest two pretest bins. Thus, a dominant source of the observed gender difference ͑from Fig. 1͒ is attributable to the low pretest scores of females combined with the correlation between pretest and post-test scores.
The same trend exists for normalized learning gain and absolute learning gain; students with similar pretest scores have similar normalized and absolute gains regardless of gender. We also see a correlation, albeit weaker ͑r = 0.3͒, between FMCE pretest score and normalized gain and a correlation ͑r = −0.2͒ between FMCE pretest score and absolute gain. Furthermore, the results look the same whether students are in IE 1 or IE 2 courses.
To determine if taking high school physics influences the pre-and post-FMCE scores, we examine males and females who did and did not have a high school physics course. The results are presented in Tables VI and VII. Looking first at the pretest, students who had taken high school physics score significantly higher than students who did not have high school physics. The difference is greater for males than for females. It is also interesting to note that the gender gap for students who took high school physics is about 10 points, while the gender gap for students without any high school physics is only about 4 points. The gender gap on the post- test ͑Table VII͒ for those students who take high school physics is 9 points, statistically the same as the pretest gap. But, for students who had no high school physics, the gender gap on the post-test is 16 points ͑significantly larger than the pretest gap͒. Similar to the pretest, those students who took high school physics had higher average post-test scores than those students who did not. But, the gap is larger for females than for males.
V. RESULTS: ESTIMATION OF THE IMPACT OF STUDENT BACKGROUND ON THE GENDER GAP

A. Multiple regression analysis
Having identified several background variables that are correlated both with gender and with student performance on the FMCE, the next step is to model the post-test scores using multiple regression. 39 But due to the nature of our data, we cannot strictly interpret the statistical significance of the results, as they are likely to be biased. Because of ceiling effects, non-normal data, heteroskedasticity, and nonrandom sampling, 40 our data do not meet the strict assumptions of multiple regression that allow for unbiased interpretation of statistical significance. We can, however, use the regression analysis to describe the patterns in our data, without needing to meet the assumptions of multiple regression. 41 The results of the multiple regression analysis will describe the relationship between a student's post-test score and the values of several background variables for that student. Using this relationship, we estimate the difference in post-test scores for a male and female with all background variables being equal. In this way, we will determine how much of the gender gap can be accounted for by factors other than gender.
The post-test scores are modeled according to the equation
where FMCEPOST is the post-test score on the FMCE, FE-MALE is a dummy variable that is 1 for females and 0 for males, and VAR k are the other background variables that are included in the model and any cross terms between FE-MALE and the other background variables. b k are the coefficients for each term, and the multiple regression analysis gives estimates for these coefficients. The coefficient of the FEMALE variable ͑b 1 ͒ gives the difference between a male's and a female's scores, with all other factors being equal. It is this coefficient that we are ultimately interested in.
We are modeling students' FMCE post-test scores rather than their absolute or normalized gain because we are primarily interested in reducing the gender gap in post-test scores. By modeling the post-test, we can determine what factors influence the post-test score and could therefore contribute to the gender gap. Each of the possible confounding variables is included in the regression analysis. Variables are entered sequentially in order to find the parsimonious combination of factors that best predicts the post-test score for each student. The best model will be judged based on the size of the coefficients, the increase in multiple R 2 ͑the fraction of variation in post-test scores that is accounted for by the variables in the model͒, and, to a lesser degree, the significance of variable coefficients ͑although, as mentioned above, the p values may be biased͒.
As stated above, not all data were available for all students. With this being the case, only a subsample of the students who took the introductory course was used in the multiple regression analysis. Recall that only 2099 of the 3728 students who enrolled in introductory physics between Spring 2004 and Spring 2007 took the FMCE pretest and post-test. Of these 2099 students, complete data 42 were available for 1027 students. These 1027 students make up the sample used in the analysis. It is important to keep in mind that the sample used in this analysis is not representative of all students who enroll in introductory physics. The percentage of females in this sample is 29%, which is higher than 24% for the population. It appears that females are more likely to take voluntary surveys ͑such as the FMCE and CLASS͒ which results in a slight oversampling of females. Also, the average course grades of females and males are higher for students in this sample than for students not in the sample. We again point out that by looking only at this sample of students we may be underestimating the gender gap. Furthermore, the results that we report below apply only to students in the sample and cannot be extrapolated to describe students not in the sample.
The results of the multiple regression analysis are shown in Table VIII . Four models are reported, starting with a bivariate model that includes only gender and then additional variables are added in each successive model. The table contains the coefficient estimates ͑b k ͒ for each model as well as the model-level statistics. The variables that are entered in each successive model are not only significant, but they also increase R 2 substantially ͑the additional variance explained by each model is significant via F test at the p Ͻ 0.01 level͒. The R 2 for the final model is 0.44, such that the variation in the independent variables explains 44% of the variation in post-test scores.
We are interested in the difference between males' and females' post-test scores after controlling for several prior factors. In model 1, where only FEMALE is included as an independent variable, the gender difference is 10.7 points. This is just the average difference in post-test scores between males and females in this sample. In model 2, several covariates that are correlated with the post-test are added. When previous physics knowledge ͑FMCE pretest͒, previous math knowledge ͑combined math score͒, and previous attitudes and beliefs ͑CLASS pretest͒ are controlled, the gender dif- When regressing post-test on pretest for males and females separately, we observe that the two regression lines have different slopes. Model 3 includes an interaction term that allows the slope of the FMCE pretest variable to differ for males and females. This term is the product of the two variables FEMALE and FMCEPRE. Since FEMALE is 0 for males and 1 for females, the interaction term is 0 for all males and is equal to the pretest score for all females. The inclusion of the interaction term in the model suggests that the pretest score differently predicts the post-test score for males and females. The interaction term also needs to be taken into account when estimating the gender difference. The gender difference now depends on the pretest score.
To get a final estimate of the gender difference, we turn to model 4. In this model, variables are added to take into account the semester that students took introductory physics. Controlling for semester is important for two reasons. First, by including a variable that controls for the semester that they took physics, some dependence among students due to taking physics at the same time is eliminated. Second, the average post-test scores are different in each semester. Including a semester variable will account for any differences that happen by semester which contribute to the post-test scores. Although we have no further information about specific aspects of each semester that could contribute to the differences, by including the semester variables we can see if there are differences once other prior factors are accounted for. The base case in model 4 is semester G ͑meaning there is no variable included for this semester͒. This means that the coefficients of each semester variable give the average difference between semester G and that semester after all other variables have been accounted for. For example, controlling for pretest, math knowledge, and attitudes and beliefs, the average difference between semester G and semester D is about Ϫ8.7 points. Note that some of the differences are substantial, suggesting that even though the courses look similar according to the curriculum, how the curriculum is enacted may differentially influence whether students learn. 35 With model 4, a final estimate of the difference between a male's and a female's post-test scores, controlling for several other factors, can be estimated. This difference is given by
The average pretest score for this sample is 30.3. The gender difference for a male and a female with the average pretest, and all other variables equal, is 3.2 points. This is a substantial reduction from the 10.7 point difference that is observed just by subtracting the average male and female post-test scores. Controlling for student background, we account for 70% of the observed gender gap. The effect size
went from 0.39, when no background variables were controlled, to 0.11, when measures of student background are controlled. The resulting expression for the gender gap predicts that for males and females with pretest scores above about 45%, the gender gap reverses sign. Females with pretest scores greater than 45% are predicted to have higher post-test scores than males with the same pretest. While this result is encouraging, we need to be cautious. There are very few data for students with pretest scores above 45%, especially for females. Only 8% of the females and 20% of the males in the sample have pretest scores greater than 45%. Because there are not many data for students with higher pretests, we cannot be sure that the predictions made in this region are accurate. The same can be said for very low pretest scores. Only 10% of the students have pretests lower than 10%.
While the final model includes many variables that one might suspect would influence post-test scores, there are several variables that are not included. All of the variables listed above ͑Tables I and IV͒ were included in the analysis, but none were found to contribute significantly to the model beyond those variables already included in model 4. Looking more closely at some of the variables that are not included in the final model offers additional information.
Years of high school physics were somewhat correlated with the post-test ͑r = 0.2͒ but were also correlated with the pretest ͑r = 0.3͒. For this reason, we suspect that years of high school physics and the pretest were contributing some of the same information about the post-test score. Because the pretest was more highly correlated with the post-test ͑r = 0.6͒, we chose to include that in the model over years of high school physics. In addition, others have pointed out that the specifics of the high school physics class are important, 6, 18, 19 and that information may have been more useful in the model than just years of high school physics. Similar conclusions were drawn about years of high school calculus and the combined math score. There is not very much variation in high school GPA ͑mean= 3.7, SD= 0.3͒, as only students who were admitted to CU and who took an introductory physics course are included. We suspect that the lack of variation in GPA and its low correlation with post-test score ͑r = 0.1͒ made it less likely to be a useful predictor of posttest score. Students' declared major also was not a significant predictor of post-test score. This suggests that after accounting for background differences, there is no difference in the post-test scores of students by major. We also found that ethnicity was not a significant predictor. We suspect that this is largely due to the small numbers of minority students who enroll in the physics course at CU, which makes it difficult to accurately estimate the influence of ethnicity on post-test score.
There were also several interaction terms that we attempted to include in the model. Notably, we included an interaction between the variable FEMALE and each semester variable. None of these interactions was significant, meaning that the gender gap was the same in each semester after controlling for previous knowledge and attitudes. This suggests that differences in the post-test gender gap from semester to semester ͑Fig. 2͒ can be accounted for by differences in students' previous knowledge and attitudes. Interaction terms between gender and combined math score and between gender and CLASS score were also included, but neither contributed to the post-test score. This suggests that math score and CLASS score equally impact the post-test score for males and females.
B. Logistic regression analysis
The previous multiple regression analysis gave us only a description of the data. Another way to analyze the data that will allow for interpretation of the statistical significance of the results is to use logistic regression analysis. 43 It is used when the outcome variable of interest is a categorical variable rather than a continuous variable, for example, passing or failing rather than a raw score. While using this method allows us to make statistical claims, we lose the ability to predict students' actual post-test score and can only predict whether they will score above some threshold. What is gained in statistical specificity is lost in richness of the data analyzed. To model the data using logistic regression, the FMCE post-test variable is converted into a categorical variable ͑with any reasonable number of categories͒. The analysis was run for several threshold values ͑20%, 40%, 60%, and 80%͒ and also for several numbers of post-test categories ͑2-5͒. The results were similar for all threshold levels and number of categories, so we present the results for a threshold of 60% and two post-test categories here.
The frequencies of males and females who score above and below 60% on the FMCE post-test are presented in Table  IX . Note that we are using the same sample of 1027 students that was used in the multiple regression analysis above. We observe that 64% of the males and 49% of the females score above 60% on the post-test. This difference in percentages is significant ͑via 2 test, p Ͻ 0.01͒. Males and females are not equally likely to score above 60%. A gender gap is present in this measure of student physics knowledge at the end of the course. This difference is the gender gap that we are concerned with in the logistic regression analysis.
In logistic regression, rather than modeling the raw dependent variable, the logarithmic odds of the dependent variable is modeled. In this context, odds is defined 43 as the probability of an event occurring divided by the probability of an event not occurring. The post-test data are modeled according to the equation
Given that the gender gap in this analysis is the difference in odds of scoring above 60% for males and females, we are interested in whether the difference in odds can be explained by factors other than gender. To determine the difference in odds, we are again interested in the coefficient of the FE-MALE variable, b 1 . The odds for a male and a female, all other variables being equal, are related according to the equation
The logistic regression analysis estimates the coefficients of each variable ͑as in the multiple regression analysis͒, which then allows a prediction of each student's odds of scoring above 60%. In each model we are interested in ͑1͒ whether the coefficient of FEMALE is significantly different from zero ͑as indicated by the p value͒ and ͑2͒ whether e b 1 is less than, greater than, or equal to 1. The results of the logistic regression analysis are shown in Table X . For each model the coefficient estimates ͑b k ͒ and p values are given, as well as an evaluation of e b k . Only gender is included in model 1. In this model, the coefficient of FEMALE is significantly different than zero ͑p Ͻ 0.001͒, and we see that the odds of a female scoring above 60% are about half the odds of a male scoring above 60%. Just as in multiple regression, when only gender is included in the model, the predicted difference between males and females is just the observed difference.
In model 2, covariates of the post-test are controlled for, including prior physics and math knowledge, and prior attitudes and beliefs. In this model, the coefficient of FEMALE is not significant ͑p Ͼ 0.1͒, meaning the odds of scoring above 60% for a female are not statistically different than the odds for a male, holding all other variables constant. A male and a female with the same background ͑as measured by the prior factors included in the model͒ are equally likely to score above 60% on the post-test. The interaction term between the pretest and gender was included in model 3. 44 Unlike the results using multiple regression, here there is no significant interaction between prior knowledge and gender. The pretest has the same effect on whether students score above 60% on the post-test for both males and females. Because the interaction term is not significant, we do not include it in model 4. Again, the semester variables are included in model 4. Note that including the semester variables does not have a substantial impact on the coefficient of FEMALE; it remains insignificant, but it does allow us to compare odds of students across semesters. The base case is again semester G. Just as with the multiple regression analysis, there are some semesters ͑semesters C and D͒ in which the odds of scoring above 60% are significantly different from the odds in semester G. This regression analysis only allows for statistical comparison between semester G and the other semesters. Repeating the logistic regression analysis with all of the other semesters as base cases, we find that the odds in semesters C and D are statistically equal to one another but statistically different from the other four semesters. The odds in semesters B, E, F, and G are all statistically equal once prior factors are accounted for. Again, even though prior factors are accounted for, there are still statistically significant differences between some semesters.
With semester differences accounted for, the final estimate of the relationship between the odds for a female and the odds for a male, holding all other variables constant, is odds F = 0.8 ϫ odds M . This is smaller than 1 ͑but not statistically different from 1͒, meaning that the odds for males and females are statistically equal. By accounting for student background, the factor relating the odds of males and females has gone from 0.5 to 0.8. Using logistic regression and controlling for student background, we account for 60% of the observed gender gap in odds. The gender gap in odds can be largely accounted for by prior physics and math knowledge and prior attitudes and beliefs.
The variance explained by the final models is about 45% of the variance in post-test scores. 45 There may be other prior factors that we have overlooked that could be important in helping to explain the post-test score and could contribute to the gender gap. Notably, we have not included any variables that characterize students' motivations, study or learning habits, or their reasons for being in the class. Socioeconomic status is a demographic variable that was not included in the model. A proxy for socioeconomic status ͑financial aid information͒ was available but only for those students who applied for need-based financial aid, which was a too limited sample to include in the analysis. There are also other aspects of students' background that were not included ͑other high school courses, grades in high school courses, other components of standardized tests, etc.͒. As mentioned above, there are specific aspects about how a faculty member implements the curriculum that have not been accounted for. Only an overall semester variable was included, which does not contain more detailed information about how the curriculum was implemented.
There are limitations in the applicability of these regression results to the entire population of students in the study. The sample of students used in the regression analyses is only about 30% of the students that enrolled in introductory physics during the semesters included in the study. We reiterate that although the students in the sample are different from the population of all students, by using this sample of mostly high performing students ͑in terms of course grades͒ and given the larger gender gap in course grades among the students not in the sample, it is possible that we are underestimating the gender gap of all students. Finally, there are potential limitations due to the reliability of the instruments that were used to assess learning and prior knowledge. While our attempts to examine shifts in student performance allow us to normalize students against themselves, the broader scale concerns about gender-based biases, such as stereotype threat, 46 still remain. Some hint of test taking being a factor that differentially impacts female performance is the data on student grades. Consistently the males outperform the females on exams while females outperform males on homework and other course components.
VI. DISCUSSION AND CONCLUSIONS
While the differential performance of male and female students is now well documented, the sources of the gender gap and routes to addressing this disparity have been less well understood. By examining the performance and background of nearly 4000 students who took introductory physics at the University of Colorado, we begin to understand the sources of and possible solutions to this challenge. Our present studies find that the gender gap exists well beyond measures of student conceptual learning. Student grades vary by gender, both in overall scores and by course component. We observe that males and females have different shifts over the course of the semester in their attitudes and beliefs about physics, suggesting that males and females are experiencing the same course in different ways. The physics and mathematics background and preparation of students coming into our courses also vary by gender.
In taking a closer look at the gender gap in measures of conceptual performance, we observe that the pretest and post-test gender gaps are not consistent from semester to semester. Although the regression analysis suggests that these differences in the gender gap from semester to semester can be accounted for by background, differences in the average post-test score of all students from semester to semester are present even after controlling for student background. Given that there is relative consistency on the large scale in these courses, it appears that instructor differences, the course specifics, the way in which the curricula are implemented, and, potentially, the fine-grained choices that are made with regard to content and course structure impact the overall performance of all students. While we observe differences in males' and females' post-test scores and in their normalized gains, we find no significant differences in average absolute gain on these measures of conceptual learning in any semester or overall. If learning is defined by absolute gain, rather than normalized to prior knowledge, there is no gender gap.
Several of the background measures correlate with student performance on the FMCE post-test, suggesting that part of the gender gap may be attributed to differences in student background. In particular, when we bin students by pretest score, we find no difference in post-test scores between males and females with similar pretest scores. This is not the case when only taking into account whether or not students took high school physics. The gender gap in posttest scores is present both between males and females who did take high school physics and those who did not. Furthermore, the gender gap is exacerbated for those students who did not take high school physics. While controlling for whether students take high school physics does not account for the observed gender gap, our data suggest that differences in students' pretest scores and other measures of student background may account for a substantial fraction of the gender gap.
Both the multiple-regression and the multiple regression models confirm this interpretation, showing that a majority of the gender gap can be accounted for by factors other than gender explicitly. From the multiple regression analysis we find that only 3 points of the 11 point gender gap cannot be accounted for by background factors. From the logistic regression analysis we find that the odds of a male and a female scoring above 60% on the post-test are not statistically different once background factors are accounted for. Taken together, the results of these models suggest that the persistence of the gender gap is due in large part to differences in males' and females' preparation and background coming into the introductory course and not explicitly due to their gender.
In one sense, it may be interpreted that gender does not play a role in measures of student achievement-the variation in FMCE post-test score may be attributed to other variables, notably pretest score, student beliefs, and math achievement. For a given semester, male and female students make statistically indistinguishable grades. Such a stance would suggest that there is no explicit gender bias in the classes observed. Both males and females show learning gains from pretest to post-test. Nonetheless, in these classes we observe a gap in performance by gender and observe instances where, over the course of instruction, this gap is increased.
Another interpretation is that of implicit bias-that is, those components of a class that are most heavily weighted and essential for success disproportionately favor male students. While course grades are statistically neutral overall for a given semester, male students are more likely to score higher on exams ͑which are weighted more heavily in a typical class͒. Further, over all semesters we find a small but significant difference in overall course grades. While the classes studied are introductory courses with no expectation of prior knowledge of physics, those students who arrive to the class with greater background knowledge ͑higher pretest scores͒ are more likely to achieve high post-test scores and greater normalized learning gains. The class favors those students with stronger physics and math backgrounds-in this case, male students.
Such an arrangement of a class ͑or any social environment͒ plays to certain student backgrounds and when those backgrounds are correlated with particular demographic groups, it demonstrates bias. That is not to say this is an explicit or purposeful bias, but rather one that is the codified structure of systemic cultural bias. 47 Tatum 48 refers to this as a "smog of bias" and others to the privileged preparation of some group ͑at the expense of others͒ as an "accumulated disadvantage." 49 Recognizing that student preparation in physics or mathematics is a means by which this bias is propagated allows us as researchers and educators to proactively address the challenges of the gender gap in physics. Simply enacting research-based reforms, or supporting current practices ͑the status quo͒, may improve aggregate student learning gains but may also be promulgating the disparity of performance and lack of equity in our educational system.
